ABSTRACT The dynamic thermal rating (DTR) of an extra-high voltage (EHV) power system is an important safety factor during dispatching power flow. The maximum line ampacity of an EHV power grid is closely related to the line temperature which can be calculated based on the real-time weather data from meteorological observation stations through the IEEE Std. 738. However, the impacts brought by varying terrains on wind speeds are not considered, which easily lead to an inaccurate estimation of line temperature and DTR. Thus, this paper used the long-term historical wind speed data to uncover which kinds of terrains might cause the risk of inaccurately estimating line temperature based on the DTR model. Then, we proposed an artificial neural network-based terrain-type wind speed correction model so that the line temperature can be estimated accurately even using weather data from climate grid. A case study illustrates that the proposed model can effectively evaluate the wind speed of a specific valley where EHV power line was deployed and further improve the accuracy of estimating its line temperature. This fact suggests that the line temperature estimated by our method can serve as a reliable reference for the power dispatching strategy.
I. INTRODUCTION
Electricity is indispensable to the development of industry and has become a crucial part of modern life. Increasing demand for electricity steadily challenges a high-quality and stable power supply. In general, electricity is transmitted through power grids at high voltages (HV) or extra high voltages (EHV) to reduce the energy loss over long distance [1] . It is necessary for power companies to optimize the power delivery and enhance the flexibility and resilience of their power grids towards surrounding uncertainties. The maximum line ampacity of a power line is dictated by its maximum allowable line temperature. During dispatching power flow, the line temperature of power grid is an important factor to indicate the safety and reliability of the power system [2] - [5] . As line temperature increases, the line sag worsens [6] . If the line sagging is too severe, it will lead to permanent deformation of the conductor and the unpredictable line faults might also occur. The line sag depends not only on the electric currents, but also on the ambient weather conditions [7] . The risks related to the operation and control of power system can be evaluated through obtaining probabilistic thermal rating, dynamic thermal rating (DTR) or using novel high temperature low sag conductor technologies. Therefore, to ensure the reliability and safety of the power transmission and reduce the maintenance cost while maximizing the line ampacity, it is of great importance to accurately monitor the line conductor temperature of power system in real-time by accounting for the relevant weather parameters.
DTR is an important reference to manage the operation of a power system [8] . Recent studies showed that the DTR of power grid could be estimated by taking into account the weather parameters [7] , [9] - [11] . In general, the weather data provided from the meteorological observation (MO) stations are used to estimate DTR based on the IEEE Std. 738 [12] . Among various weather parameters, the wind speed has been reported to be the most critical one that impacts on the line temperature [12] - [14] . The study of Fu et al. [14] for example, reported that a small increment in the forced wind speed can significantly reduce the conductor temperature of overhead line. However, the variations of wind speeds imposed by various terrains are very complicated [15] . Such wind speed variations were not considered in the mentioned studies [12] - [14] , which might easily lead to inaccurate estimation of line temperature. For example, Taiwan is a long and narrow island with complex terrains, including sandbars, hills, plains, and mountains [16] . Many electric towers of HV/EHV power grids of the Taiwan Power Company (TPC) were distributed across different terrains mentioned above. The wind speed in the leeward site of valley is usually much slower than that on mountain ridge [15] , which hinders the heat dissipation of the lines [14] . Since the onsite weather information along power line is not precisely available, the TPC always tends to adopt a more conservative dispatch measure to prevent HV/EHV power grids from overheating. Such a measure cannot meet the growing demands for power, especially when the power dispatching becomes even worse in the summer.
Another drawback of using the weather data provided from the MO stations is that its spatial scale is usually too large to accurately reflect the on-site wind speed changes. In Taiwan, the Central Weather Bureau (CWB) [17] used the Kriging method [18] , i.e., a Geo-Statistics technique, to generate the meteorological data on a ''2.5 by 2.5 km 2 '' climate grid. The weather data of climate grid include air temperature, humidity, and precipitation. The weather data on the climate grids are computed using the weather data measured by MO stations and radar detection systems. On the other hand, the CWB adopted the space and time multiscale analysis system (STMAS) [19] to obtain the wind speed and wind direction data on the climate grids. The temperature change over the climate grid usually is not significant, but the wind speed could vary dramatically in a range of 2.5 km, especially impacted by terrains, e.g. wind speed in various terrains are quite different [15] .
Based on the facts mentioned above, an accurate wind speed model for a specific terrain is required so that the line temperature of EHV power grids can be estimated more precisely. There have been extensive research efforts dedicated to establish the correlation of wind speeds between neighboring weather stations [20] and wind speed forecasting models [15] , [21] , [22] . The wind speed models often involve ambient temperature, barometric pressure, previous wind speed, and terrain data to predict upcoming wind speeds [15] . The weather data used in these wind speed models often come from the observations provided by the MO stations [20] - [22] . However, the distance between neighboring MO stations is often large so that it is very difficult to use such data to accurately forecast short-term wind speeds locally.
The effects on wind speed caused by various terrains have been studied continuously in the research field of geography [15] , [23] , [24] . Wind speed forecast was also another key research issue, but the research results mainly focused on wind energy application [20] - [22] . Some different time series-based models have been proposed for wind speed prediction [25] , [26] . For example, Kamal and Jafri used an autoregressive moving average (ARMA) model fitted with time series data to forecast hourly average wind speeds [25] . Torres et al. [26] used the ARMA and persistence models to predict the hourly averaged wind speed up to 10 hours ahead of time. Kamal and Jafri [25] showed that their ARMA model was suitable for various short-term prediction intervals and probability forecasts, but the prediction performance varied monthly. Torres et al. found that the ARMA performed significantly better than the persistence model for long-term prediction. However, the ARMA model may not yield a good long-term prediction performance under the cases of lower wind speeds due to the nonlinear nature of wind speeds [26] . To resolve the problem, several artificial neural networks (ANN)-based wind speed forecasting models were proposed [27] - [29] . ANNs have been the most widely used models in wind speed forecast since the last decade. In general, the root-mean square errors (RMSE) of ANN-based models were smaller than those of other models based on hourly average data [22] , [30] . Thus, this study will employ the ANN model to estimate wind speeds in a specific terrain.
In summary, using the climate grid data generated from the MO stations usually suffer from lacking the input data with high spatial resolution. Another difficulty is that the impacts of various terrains were not considered when using climate grid data to calculate the line temperature. These facts often cause the inaccurate line temperature estimation of power grids. This study targets to uncover the impact of various terrains on the wind speed and then focus the effect of wind speed on the line temperature of the TPC's 345 kV power grids located across mountain, plain, and valley. If accurate line temperature of power grid is not available, the electricity cannot be dispatched effectively without risking sagging power lines nor can the manpower and cost for maintenance be reduced. Therefore, this study endeavors to find out the solution for the mentioned problems.
II. UNCOVERING THE IMPACTS OF WIND SPEEDS IN VALLEYS ON LINE TEMPERATURE
Nominal thermal rating is the most common method used in line ampacity estimation. Many methods have been proposed to predict the line ampacity of power grid [9] - [11] . Most of power companies usually adopt a conservative 48312 VOLUME 6, 2018 dispatching operation and assume a worst-case scenario before the weather data along power line become available. In order to effectively utilize the whole power network and reap the maximized power transmission under safety consideration, there are a lot of research efforts dedicated to enhance the overall line ampacity.
A. IEEE Std. The conductor temperature and the ampacity of the conductor are dependent on the weather conditions. The IEEE and CIGRE both have developed the line ampacity standards based on the steady-state heat balance equation considering the balance between heat absorbed and dissipated [12] , [31] . Also, the meteorological parameters affecting the thermal status of the conductor, including the average wind speed, wind direction, wind turbulence, ambient temperature, and solar radiation, are taken into account. Both standards are very useful and present sufficient accuracy, where the difference between IEEE and CIGRE standards are no more than 5-15% [32] . However, the CIGRE standard seems to be more complex and requires more parameters to be enlisted. It is more time consuming for detailed calculations for the CIGRE standard. Therefore, we adopted the IEEE Std. 738-2012 [12] in this study, which has also been widely used by many studies to uncover the relation between the line ampacity and its conductor temperature. It is based on the heat balance theory. For a steady-state heat transfer, the total heat losses are equal to the total heat gains, i.e.,
where q s is the heat gain rate from the sun (W/m); I denotes the current carried by the transmission line (A); R(T c ) ( /m) represents the alternative current (AC) resistance of the conductor at temperature T c ; I 2 R(T c ) represents the heat rate generated by line current flow (W/m); q c (W/m) and q r (W/m) represent the heat loss rate due to convection and radiation, respectively. Equation (1) The validity of IEEE Std. 738 has been widely examined by simulations and field tests since it was issued [9] , [33] - [35] . The TPC has also installed a sensing device, SMT1, produced by Spanish ARTECHE [36] , to monitor a 161-kV power line. This device can measure line conductor temperature directly. The 161-kV power line connecting the Longci and the Shanshang substations (the L-S line for simplicity hereafter) of TPC system was selected as the test line sample. The L-S line was constructed across a mountain area in the In the validation test, the meteorological data provided by the local weather station were substituted into the Eq. (1) to estimate the line temperature, which was then compared with those measured by the SMT1. The results are shown in Fig. 1 . The SMT1 measured both line temperature and current every 10 minutes. All the data collected on March 21, 2015 were used as test samples. The detailed parameters of the 161 kV L-S line used in Eq. (1) to estimate the line temperature have been summarized in [9, Appendix B] . Figure 1 shows that the differences between the estimated line temperatures and measured ones are relatively small, where the root mean square error is 0.7 • C. The results suggest that the IEEE Std. 738 is a good tool to estimate the line temperature. We also found some important facts in this test. The dispatching ampacities of L-S line on March 21, 2015 could be briefly classified into four operation modes and the details are depicted in Fig. 1 . The dispatch ampacities of L-S line on March 21, 2015 were low with the maximum value of only 263.1 A. After carefully inspecting the data, we found that the variations of line temperatures closely followed those of the ambient temperatures due to the lower line ampacities. The correlation analysis in Table 1 verifies the abovementioned facts. However, there are larger errors between the two temperatures around 9:30 a.m. to 10:30 a.m. In this period, the average wind speed was 0.59 m/s, which was smaller than those in other time intervals. This fact causes a larger error in estimating the line temperature and agrees with the findings in [14] . This finding is also supported by statistical analysis. Field data from March 13 to April 1, 2015 were used to conduct the one-way analysis of variance (ANOVA) test and the least significant difference (LSD) test (IBM SPSS 22) to examine the effects of different wind speed ranges on temperature differences.
To further examine whether there exists a significant difference among the temperature estimate discrepancy for different wind speeds over a long-term period, the line temperatures of the L-S line and the wind speeds measured by SMT1 and the calculated temperatures from March 13 to April 1, 2015 were used to conduct the analysis. The oneway ANOVA with a post-hoc (LSD) test was also performed to calculate the means of the line temperature difference between measured one by SMT1 and calculated one by DTR in different wind speed ranges to investigate whether a significant difference in temperature discrepancy existed between these wind speed ranges. A total of 1882 measured data are included in the one-way ANOVA with a post-hoc (LSD) test. The descriptive statistical results of the temperature differences and wind speeds measured by the SMT1 during the experimental period (March 13 -April 1, 2015) are presented in Table 2 . For example, the (0.5, 1.0] range of wind speed (m/s) include the value greater than 0.5 and less than or equal to 1.0 m/s. Note that the (2.5, 3.5] wind speed range (m/s) is excluded from the analysis.
In Table 2 , the 95% confidence interval of the average temperature differences in the five wind speed ranges are 0.7037 ± 0.1170, 0.5271 ± 0.0774, 0.4646 ± 0.0551, 0.3200 ± 0.0384, and 0.4284 ± 0.0577 • C, respectively. The 95% confidence interval of the temperature difference over the total ranges is 0.4513 ± 0.0277 • C. From the one-way ANOVA analysis, the F value of the temperature discrepancy among different wind speed ranges is F 4,1877 = 16.341, p < .00001. Therefore, statistically significant differences were found in the temperature estimation differences among these wind speed ranges, as p is significantly smaller than .05.
A post-hoc test, i.e., the LSD test, is chosen to find the differences between any two ranges of wind speed. Based on the results summarized in Table 3 , the statistically significant differences (p < . and the wind speed ranges from March 13 to April 1, 2015, the descriptive statistical results and statistical differences are compiled and the pictorial illustrations are depicted in Fig. 2 . The statistical result shows that when wind speed ranges between 0.0 and 0.5 m/s, the temperature difference reaches statistically significant differences (p < .05) with respect to the other wind speed ranges. The temperature difference under the lowest wind speed range is the highest with 0.7037 ± 0.1170 • C for 95% confidence interval.
C. RISK OF OVERESTIMATING LINE TEMPERATURE CAUSED BY COMPLEX TERRAINS IN TAIWAN
As indicated above, the larger error in line temperature estimation might occur under lower wind speed situation. Moreover, Suárez et al. [15] reported that complex terrains significantly affect the wind directions. The reduction in wind speed when wind blows across valleys was also observed in [37] . Hence, uncovering the relations among line temperature estimation, complex terrains, and wind speeds is an extremely hard work. For simplicity, this study only focuses on the impact of a specific valley.
1) STATISTICAL ANALYSIS OF OVERESTIMATING LINE TEMPERATURE
The long-term historical meteorological data were used to examine the risk of overestimating DTR for the TPC EHV system caused by complex terrains. Firstly, we combined the IEEE Std. 738 with the long-term historical meteorological data to assess the line temperature of 345 kV 48314 VOLUME 6, 2018 power grids for TPC system. The meteorological data were from the CWB of Taiwan. The meteorological data from Jan. 1, 2013 to Mar. 31, 2016 were used in this test. Each meteorological variable was measured every hour. A total of 5020 spans of TPC 345 kV system were included in the analysis. Moreover, the TPC sets 75 • C as the safety threshold for its EHV power grids, and the same threshold value was applied here. The historical statistics of line temperature (T c ) at each span of TPC 345 kV system exceeding 75 • C is shown in Fig. 3 . A total of 181,287,260 temperature data were used in the analysis. Among them, 54,101 line temperature data exceeded 75 • C, which accounted for 0.03% of the total data. For typical ACSR conductor used in TPC's EHV system mentioned in [9] , Hosek et al. [38] also proved that line temperatures above 95 • C would occur with a frequency of almost 1.6% based on hourly meteorological data. Combining our findings and the results of [38] indicates that the special terrains indeed cause a substantial risk of conductor thermal overload.
To determine whether an EHV power line passes through a mountain area, Google satellite images were used. Owing to no universally accepted definition of a mountain, the terrain with altitude higher than 600 m was regarded to as a mountain area in this study, similar to the definition given in [39] . A power line of the TPC's 345 kV system is considered passing through a mountainous area if more than 80% of its line spans are located in the mountain area. In total, 44 EHV power lines in the TPC system were found to be located in the mountain and 16 power lines were determined as passing through a plain area. It means that a larger portion (around 73.3%) of the power lines in TPC system are considered passing through the mountain area. Fig. 4 shows the observations when the line temperature was over 75 • C for line spans located at a mountain or plain area, where line overheating cases occurred in valley were indicated by a redstar curve. The likelihood of T c > 75 • C caused by valleys in plain and mountain areas are 85.4% and 100%, respectively. The results also show that line overheating occurs more frequently in plains. This fact mainly attributes to that the mountain area always has much lower ambient temperature and higher wind speed, but various valleys also often exist in plain area in Taiwan.
2) EFFECTS OF VALLEY TERRAINS ON WIND SPEED
Similarly, we followed the definition given in [40] to check the valley terrains where TPC power lines pass through. Hence, some low-lying areas between hills, including river valley, rift valley, etc., were commonly identified as valley terrains. For example, the altitude profiles along power lines #22, #30, #41, and #45 in TPC system are depicted in Fig. 5 (a) . These four lines are identified as passing through plain areas, but some valley terrains still appear in them. The yearly average wind speed along the power line #22 in 2015 is also shown in Fig. 5 (b) , where the wind speed got lower after span #46 due to varying terrains, as depicted in this figure.
Other statistical data showing the specific valley impact on wind speed along the four lines were summarized in Table 4 , where the data were gathered from March 1 to 15, 2015. Table 4 shows that the average wind speeds in the selected spans located in valleys are indeed lower than those in plains.
3) TERRAIN'S IMPACT ON WIND SPEED DEMONSTRATED BY WEIBULL MODEL
Wind speed varies both spatially and temporally. Global winds are caused by solar radiation, which causes pressure gradient across the earth surface. Spatial variation (close to the earth surface) is also affected by surface topography like mountain slopes, valleys, and other structures. At any particular location, the temporal variation of wind speed is due to different atmospheric conditions, local features, and boundary layer effects [41] , [42] . Atmospheric wind turbulence represented by the micro-metrological range is the short-term variation with a time period ranging from 30 sec to a few minutes. When evaluating the distribution of wind speeds over a short time period such as 10 min, the motion is dominated by turbulence, and a Gaussian distribution can be used to approximate turbulent wind [43] , [44] . Kaimal measured the probability distributions of wind turbulence and observed Gaussian distributions with filtered short-term time series data [45] .
The wind turbulence is a complex physical phenomenon that can be described by its statistical properties. The distribution of mean wind speeds over a long period can be approximated by a Weibull distribution. This Weibull distribution is used in the IEC 61400-12 standard to calculate the annual energy production for a site based on the annual average wind speed [46] - [48] . The Weibull distribution was found to give a good fit to the observed wind speed data [46] - [48] , which is given by
The average wind speed can be used to determine the shape factor k and scale factor c of the Weibull model for both mountain and plain terrains. The terrain variations along the 345-kV power line (#22) from Quanxing to Nantou was examined in this test. There were a total of 127 EHV electric towers (i.e., 126 spans) along line #22. The power line passes through the plain and some valleys, as indicated in Fig. 5 (b) . Based on the geographical data of each span, the wind data in neighboring climate grid provided by the CWB was inputted into the Weibull model. The wind speed was obtained every hour, and a total of 72 wind speed data (from July 13 to July 15, 2015) were analyzed. Time-series wind data were analyzed by the maximum likelihood method suggested by Stevens and Smulders [49] as
where v i is the wind speed at time i, and n is the number of nonzero wind speed data points. Eq. (3) was solved using an iterative procedure with k = 2 as the initial guess. Table 5 lists the k values for some spans along line #22. The k value becomes larger when line #22 entering varied terrains, i.e., span #46. The average k value in the plains is 1.15, smaller than that in the valleys i.e., 1.50. On the other hand, the average wind speeds (Av-ws) in valleys are very small. Combing larger k value (≈1.50) and low Av-ws implies lower occurrences of very high wind speeds [50] . The results also meet the fact, i.e., lower wind speeds might lead to a higher risk of line-overheating mentioned above.
III. THE ANN-BASED WIND SPEED PREDICTION METHOD
Section II has uncovered that complex terrain variations could cause low wind speeds and further lead to the overheating of lines, especially for valleys. This is an important problem since line overheating easily leads to permanent deformation and possible failure of lines. Before installing an on-site anemometer for each span along a power line, the better solution is to develop a wind speed estimation method for a specific terrain to improve the accuracy of estimating line temperature by only using the climate grid data. This study focused on the impact of valley. The span #60 (24 • 32'11.4"N, 120
• 55'37.0"E) of line #38 in the TPC's EHV system was selected as the research target. The weather data in the climate grid point (24 • 32'32.3"N, 120 • 55'35.0"E) were calculated using the weather data measured at several nearby MO stations, including the Qingshitan MO station (24 • 32'20.8"N, 120
• 55'12.0"E). All of the three locations are shown in Fig. 6 . The distances between the targeted span, the MO station, and the climate grid point are respectively 763.8 m, 738.6 m, and 645.9 m, as depicted in Fig. 6 . Since the on-site wind speed data of the targeted span were not obtainable due to safety regulation of the TPC, the weather data from neighboring climate grid were used to determine the line temperature of the targeted span in the past. However, the wind speeds in these two datasets might have difference. Therefore, the historical wind speed data from both the MO station and the climate grid were adopted in the ANN-based model to build their geographical relation. Before the historical weather data at the targeted span are available, this study temporarily used the ones 48316 VOLUME 6, 2018 FIGURE 6. Locations of the MO station, the climate grid point, and the targeted span used in the study. from the MO station. This MO station is chosen because it is closest to the targeted span, as indicated in Fig. 6 . The line temperatures estimated by wind speeds from this MO station would serve as the reference in the comparison test.
A. THE ANN-BASED WIND SPEED ESTIMATION METHOD
The framework of the proposed artificial neural network (ANN)-based wind speed estimation method is shown in Fig. 7 . The historical wind speeds of the climate grid (W s ) served as the input vector P and the historical observations (W obs ) of the MO station served as the target vector T. These data were divided into three parts; 70% of the data were selected as the training data [W s , W obs ] t and 15% of the data were used as the validation data [W s , W obs ] v . Subsequently, the rest of 15% data were used in the test. In practical applications, the test data can be replaced by real-time weather data of the targeted span if they are available.
The implementation of ANN-based model included two stages: training and validation. A flowchart of the training stage is shown in Fig. 8 . During the training stage, only the training data [W s , W obs ] t were used to determine a suitable weight vector W and a bias vector b through iterations and the mean square error (MSE) between the training data and output data was calculated. The Levenberg-Marquardt backpropagation (LMBP) algorithm was used to adjust weights and bias in the training stage [51] . The training stage ends when the MSE stops to decrease after six iterations. After the weights and bias were determined, it would go into validation stage, in which validation data [W s , W obs ] v were substituted into the trained model to calculate the new MSE. If the MSE is too large, the number of neurons in each layer would be adjusted.
Finally, the real-time wind data W srt of climate grid were introduced into the ANN-based model to estimate the wind speed W est at the targeted span. Finally, substituting the estimated W est into IEEE std. 738, the line temperature of targeted span can be computed.
B. ARTIFICIAL NEURAL NETWORK
An artificial neuron is a basic unit in a neural network and the pictorial example for showing its compositional functions is depicted in Fig. 9 . The combination of a plurality of neurons in accordance with the needs of the problem forms a neural network. The neural network can be regarded as a black box linked to the many nodes. It generally has three layers: the input layer, hidden layer, and output layer, wherein each node operates independently and can be regarded to as a separate processor. These processors are in parallel operation. Note that a hyperbolic tangent-sigmoid function was used as an activation function in this study. The ANN-based model adopted two hidden layers and the neuron numbers in these two hidden layers were determined by two performance indices, and will be addressed in next section. VOLUME 6, 2018
C. LEVENBERG-MARQUARDT BACKPROPAGATION ALGORITHM
The LMBP algorithm was adopted in the proposed ANN-based model to achieve the required convergence speed and stability during the training process [51] . The evaluation index of the LMBP algorithm was sum square error (SSE), defined as a function of the input vector P and weight vector W, i.e., E(P, W). The entries of E are defined as e i,j = t i,j -o i,j , where t i,j and o i,j are the entries of the desired and actual output vectors, respectively. This study followed the method reported in [51] to define the update rule of training process as below
where q is the iteration number; λ is the combination coefficient; I is an identity matrix; J is the Jacobian matrix defined in [51] . Note that the reciprocal of λ can be interpreted as learning coefficient in the steepest descent method when its value is very big. The initial value of λ was set to be 0.001. When the criteria on MSE described in Fig. 8 was met, the update of training procedure will be terminated.
D. FITTING PROBLEM OF THE PROPOSED ANN-BASED MODEL
In an ANN model, the numbers of input vectors, layers, output vectors, and neurons in hidden layers should be determined. In this study, the numbers of input vectors, and output vectors used in the ANN-based model were both one while the number of hidden layers is two. The input and output were the wind data of climate grid and real wind speeds measured by the MO station. Note that the number of neurons adopted in the two hidden layers should be determined carefully to achieve better performance of estimating wind speed at the targeted span. This study utilized the MSE and the correlation coefficient (R) between the input and output data to determine the neuron numbers in the two hidden layers. A higher correlation coefficient and a smaller MSE served as the criteria for selecting the neuron numbers in the two hidden layers of the proposed model. The input data were the wind data of the climate grid that is closest to the span #60 of the line #38, and the target output was the wind speeds measured at the Qingshitan MO station from October 1 to 31, 2015. A total of 744 data were obtained, where 70% of them were randomly selected as the training data, 15% as the validation data, and 15% as the test data. During training stage, the neurons in the first layer and the second layer varied from 1 to 40 and from 1 to 100, respectively. Figure 10 shows the variations of MSE and R versus the neuron numbers in the two hidden layers. The MSE is used to quantify the difference between the estimated and actual wind speeds. The MSE of wind speed is given by
where W est,i and W obs,i denote the estimated wind speed and those measured by the MO station, respectively. Five different combinations of neuron numbers in the two hidden layers that yielded better training results are shown in Table 6 . The neuron combination of layer-1 and layer-2 that can provide maximum R and minimum MSE was selected, i.e., (23, 40) .
IV. RESULTS AND DISCUSSION
This study used the historical wind speed data to train the ANN-based estimation model. The wind speed data of climate grid were inputted into the estimation model to generate wind speeds close to the on-site wind speeds with better accuracy. Subsequently, the estimated wind speed data were used by the IEEE Std. 738 to compute the line temperature. A series of comparisons was conducted to examine the accuracy between line temperatures evaluated by using the estimated wind speed data and those from the climate grid.
A. INPUT WIND SPEED
The data used in the estimation method included the weather data in the climate grid measured by many weather stations, which were compiled by the CWB in Taiwan, and the span location information of the 345 kV power line was provided by the TPC. The climate grid data provided by the CWB were stored in an FTP server. The span location and weather data were used in the ANN-based model to estimate the temperature of transmission lines. MATLAB was used to implement the wind speed estimation in this study.
Two datasets were used as the input of the ANN-based model. One was the wind speed data measured by an MO station, representing the real wind speeds (denoted as Realws), which served as the comparison target in this study. The other one was the climate grid data from the CWB (denoted as Gt-ws). The wind speed data of climate grid were created by the CWB using the observations provided by its MO stations, and the observations were calculated by an interpolation method and put into the STMAS [18] , [19] . The spatial resolution of climate grid was 2.5×2.5 km 2 . The selected weather data were from the climate grid point, which is the closest one to the span #60 of the EHV power line #38 (24 • 32'11.4"N, 120 • 55'37.0"E). The ''real'' weather data were from the Qingshitan station (24 • 32'20.8"N, 120 • 55'12.0"E). The distance between the climate grid point and the MO station is 645.9 m. Both the MO station and the climate grid point are located in the same valley, as shown in Fig. 6 .
All of the data were collected from October 1 to 31, 2015. The wind speed was measured every hour, and a total of 744 data were collected. The variations of the two wind speed datasets are shown in Fig. 11 , where the blue and green curves respectively denote the real wind speed measured by the Qingshitan MO station (Real-ws) and the wind speed data provided by the nearby climate grid point (Gt-ws). In October 2015, however, 52 real wind speed data were found to be very close to zero due to the limitations for the resolution and sampling rate of the measuring device. The line temperature estimated by Eq. (1) will suffer serious bias when wind speed was close to zero [1] . Therefore, these 52 data were excluded from the analysis. The MSE between the Real-ws and Gt-ws is 4.1281.
B. ESTIMATED WIND SPEEDS
A total of 692 Gt-ws data served as the input dataset, and 692 Real-ws data served as the target dataset. Subsequently, 70% of the input data were used in the training and then the validation was done by use of another 15% of data. The accuracy and effectiveness of the ANN-based model were further tested via the remaining 15% of data. The most suitable neuron numbers for the two hidden layers have been determined in Section III.D. There were 484 and 104 wind speed data used in the training procedure and the iterative validation process, respectively. Fig. 12 shows that the best performance can be reached after 7 iterations, and the MSE value of this validation step achieved is 0.9629. The MSE value in the validation process did not increase after the 7 th iteration. Thus, the training process stopped at the 12 th iteration to avoid overfitting. After the training and validation were completed, another 104 Gt-ws data were used in the test, through which the wind speed was estimated (denoted as Est-ws), as shown in Fig. 13 . Fig. 13 indicates that the risk of wind speed approaching zero has been significantly improved by our ANN-based model. For comparison, three wind data were plotted together in Fig. 14 , where the blue, red, and green curves denote the Real-ws, Est-ws data, and Gt-ws data, respectively. Table 7 lists the MSE values of Est-ws and Gt-ws data compared with the Real-ws data, which are 0.9762 and 4.1281, respectively. The RMSE of Est-ws and Gt-ws data compared with Realws data are 0.9880 and 2.0318, respectively. These results suggest that Est-ws data estimated by our model are more accurate than Gt-ws.
C. ESTIMATION OF LINE TEMPERATURES
The ultimate goal of this study was to use the Est-ws data to replace the Gt-ws data in the line temperature estimation. As shown in Section II, the on-site weather data can be used to accurately estimate line temperature through the DTR model given in Eq. (1) . In this section, we use the Est-ws, Gt-ws, and Real-ws data to compute the line temperatures of the targeted span, which are respectively denoted by Est-tc, Gt-tc, and Real-tc, as shown in Fig. 15 . In addition, the real line temperature Real-tc, calculated by inputting the Real-ws data to the IEEE Std. 738, would serve as the comparison target in the subsequent cross validation test. From the results of Fig. 15 , it is found that the values of Real-tc varied significantly due to the variations of the wind speed. The average value and standard deviation of Real-tc are 37.55 • C and 7.92 • C. Specifically, the Real-tc of EHV line was intensely increased to the local maximum (55 to 65 • C) when the wind speed approached zero. On the other hand, the average value and standard deviation of Esttc and Gt-tc are 34.07 ± 3.89 • C and 30.99 ± 5.15 • C, respectively. Compared with the Real-tc, the values of the Esttc computed by the Est-ws estimated by the proposed method were more accurate than the Gt-tc values computed by the Gt-ws. This fact was attributed to the accurate estimation of the wind speed through the proposed method.
To see more details, Figs. 16 and 17 show two examples of the line temperature estimations using two different wind speed datasets, which were from 17:00, 20 Oct. to 03:00, 23 Oct., 2015 (Example A) and from 08:00, 27 Oct. to 12:00, 28 Oct., 2015 (Example B). Compared to the Realtc, we found that the values of the Est-tc were more accurate than the Gt-tc in the Example A. Using Real-tc as a reference, the MAE values of Est-tc and Gt-tc are 4.18 • C and 5.11 • C, respectively. This implies that using the proposed method achieves about 18.25% improvement on the MAE in line temperature estimation. The MPE and RMSE of Est-tc are 11.47% and 6.06 • C, and the MPE and RMSE of Gt-tc is 13.75% and 7.31 • C, which shows about 2.28% and 17.10% reduction in these two indices when using Est-ws data, respectively. In Example B, it is found that the values of Est-tc are closer to the Real-tc through the proposed method. The MAE, MPE, and RMSE values of the Est-tc vs. the Real-tc are 3.81 • C, 10.26%, and 5.19 • C, respectively. On the other hand, the indices for the Gt-tc vs. the Real-tc are 5.72 • C, 15.30%, and 7.03 • C, respectively. This means that the three indices of the Est-tc were improved about 33.39%, 5.04%, and 26.17%, respectively. Note that serious biases of Real-tc in the two examples were indeed attributed to low wind speeds. For example, the maximum Real-tc of 58.5 • C in Fig. 16 was caused by its extreme low wind speed of 0.1 m/s. Table 8 compares MAE, MPE, and RMSE values of Est-tc and Gt-tc data when different time periods were used in estimating line temperature, where the Real-tc still served as the comparison target. Three datasets collected from 1 October to 31 October, from 1 October to 30 November, and from 1 September to 30 November, 2015 were used in this test. The amount of wind data for different time periods were respectively 692, 1262, and 1815 data after excluding those approaching zero. As listed in Table 8 , it can be found that the Est-tc computed by the Est-ws data is more accurate compared to Gt-tc by using the Gt-ws data even if the time period is from 1 month to 3 months. Taking the 3-month data as an example, the MAE of Est-tc and Gt-tc is 4.8986 and 6.7536 with a 27.47% reduction. The results of the MPEs show that it yields a reduction of 4.675% for Est-tc by the proposed method compared to the value of Gt-tc. The RMSE values of the Est-tc for three test periods are also lower than the ones of the Gt-tc. Therefore, it is indeed efficiently improved the errors by using our method.
Another cross-validation was done to test the accuracy of our method. The results are shown in Table 9 . The test data is same as the previous 3-month case. The 25%, 50%, and 75% of the whole data were randomly selected as test data. Table 9 indicates that the Est-tc is more accurate than Gt-tc even if the test data selection was varied from 25% to 75%. Taking the 25% test data as an example, the MAE of Est-tc and Gt-tc are 4.7366 and 6.5826, which shows a reduction close to 28.04%. Compared to the Gt-tc, the MPE of Est-tc yields an improvement of 4.693%. The RMSE of the Est-tc is 6.23, significantly better than the 8.5587 of Gt-tc. The results show that the accuracy of using the Est-tc is significantly higher than that using Gt-tc in monthly temperature estimation and crossvalidation. These results all indicate that the transmission line temperature computed by the proposed method is more accurate than employing the grid data provided by the CWB.
V. CONCLUSIONS AND FUTURE WORK
The DTR is commonly used to estimate the line temperature of power grid based on the meteorological data. As demonstrated in Section II, the wind speed is greatly affected by topographic features of terrains, which are however not accounted for in the T c estimation using the climate grid data provided by the CWB. To resolve the wind speed inconsistence caused by using interpolation methods, we proposed an ANN-based wind speed correction model to better estimate wind speeds using the weather data of climate grid. The risk of wind speed approaching zero has been significantly improved by our model, as shown in Fig. 13 . Our method was validated with the data acquired during Oct 2015 along the EHV line 38. The performance of our adjusted wind speed data (Est-ws) in estimating line temperature was compared with that of the original grid wind speed data (Gt-ws), yielding RMSE values of 0.9880 and 2.0318, respectively. This suggests that the adjusted wind speed data are closer to the real wind speed data. Another cross-validation was done to test the accuracy of our method using the data from Sep to Nov of 2015. Tables VIII and IX list better performance gained by our method regardless of the amount and time periods of the test data. All the test metrics used in the comparison show that our adjusted wind data can be used to replace grid data to yield more accurate transmission line temperature estimation. Consequently, our model can be used in the DTR estimation to achieve a safer dispatching operation of power system. His specialties in power transmission system are computer relaying, solar generation systems, fault detection, fault classification, fault location, power quality event analysis, and smart grid systems. Besides, his areas of interest are diverse, which cover wireless sensor network (WSN)/Internet of Thing (IoT) technologies, automatic system for agro-ecological monitoring with WSN/IoT, bio-mechatronics, smart grid, solar generation systems, power systems, computer relaying, bio-effects of electromagnetic wave, and lowlevel laser therapy. He is currently a Post-Doctoral Researcher with the Department of Electrical Engineering, NTU, and he led research efforts on the IoT-based smart grids, industrial automation, remote sensing services, and data mining. He has published 54 papers in different international journals and 110 papers of conference proceedings, was granted three intellectual patents from USA and Taiwan, and was wrote one chapter of book in Springer-Verlag.
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